This study aimed to identify distinct behavioral profiles in a population-based sample of 654 4-year-old children and characterize their relationships with brain functional networks using resting-state functional magnetic resonance imaging data. Young children showed 7 behavioral profiles, including a super healthy behavioral profile with the lowest scores across all Child Behavior CheckList (CBCL) subscales (G1) and other 6 behavioral profiles, respectively with pronounced withdrawal (G2), somatic complaints (G3), anxiety and withdrawal (G4), somatic complaints and withdrawal (G5), the mixture of emotion, withdrawal, and aggression (G6), and attention (G7) problems. Compared with children in G1, children with withdrawal shared abnormal functional connectivities among the sensorimotor networks. Children in emotionally relevant problems shared the common pattern among the attentional and frontal networks. Nevertheless, children in sole withdrawal problems showed a unique pattern of connectivity alterations among the sensorimotor, cerebellar, and salience networks. Children with somatic complaints showed abnormal functional connectivities between the attentional and subcortical networks, and between the language and posterior default mode networks. This study provides novel evidence on the existence of behavioral heterogeneity in early childhood and its associations with specific functional networks that are clinically relevant phenotypes for mental illness and are apparent from early childhood.
Introduction
While extreme forms of temperament and behavioral problems in early life can predict the risk for mental disorders (Costello et al. 2003; Egger and Angold 2006) , there are comparatively few studies that examine the neurobiological mechanisms underlying individual differences in behavioral development in early childhood. This issue is of considerable importance for our understanding of pathophysiology development (Kessler et al. 2005 (Kessler et al. , 2007 . Indeed inattention problems and anxiety often start to appear before school age. Thus, understanding the pathophysiology of common mental disorders will require identification of the neural circuits that underlie variations in the mental health of young children .
Resting-state functional magnetic resonance imaging (rsfMRI) has proven to be valuable in the analysis of complex patterns of the brain's functional organization. Rs-fMRI has been increasingly used in studies of children because it requires minimal cognitive burden and relatively little time in the scanner as compared with task-based fMRI. Insights gained from rsfMRI may shed light on the functional networks underlying variations in socio-emotional behaviors. For instance, disruptions in functional connectivity within default mode network (DMN) are associated with internalizing problems, while disruptions in functional connectivity between DMN and salience network (SN) are associated with externalizing problems in school-aged children (Chabernaud et al. 2012 ). These findings suggest potential contribution of brain functional networks to different behavioral profiles. However, to date, there is limited research using rs-fMRI to investigate complex relationships between behavioral profiles and brain functional networks in young children before school age.
This study aimed to examine child behavioral profiles using cluster analysis and their associations with neural functional networks in young children. A potential advantage of this study was the ability to define the neural substrates underlying individual differences in behaviors. Our study was based on a longitudinal birth cohort and assessed behavioral problems in 654 4-year-old children using the Child Behavior CheckList (CBCL; Achenbach and Rescorla 2000) . The CBCL was chosen because it provides information across a broad range of emotional and behavioral dimensions that associate with multiple forms of psychopathology at later age (Nigg 2006) . Advanced unsupervised classification approach, that is, consensus-based community detection, was employed on the CBCL subscales to identify heterogeneous behavioral profiles in young children. Datadriven group independent component analysis (group-ICA) was carried out to examine brain functional networks and their associations with individual behavioral profiles. Based on prior work (Chabernaud et al. 2012) , we hypothesized that distinct behavioral profiles defined by cluster analysis may be associated with different brain functional networks. To the best of our knowledge, this was the first study that provided preliminary evidence on association of brain functional networks with heterogeneous behavioral profiles among 4-year old.
Materials and Methods

Participants
Children who participated in the prospective birth cohort study, Growing Up in Singapore Towards healthy Outcomes (GUSTO), were assessed using the CBCL at 48 months of age. The GUSTO cohort was detailed in the Supplementary. The GUSTO study was approved by the National Healthcare Group Domain Specific Review Board (NHG DSRB) and the SingHealth Centralized Institutional Review Board (CIRB). Written consent was obtained from mothers.
This study included 654 children with gestational age ≥34weeks and birth weight ≥2 kg to avoid potential impact of extreme variations in birth outcomes.
Child Behavior CheckList
Child behavior problems were assessed using the maternal report of the CBCL/1.5-5 (Achenbach and Rescorla 2000) at 4-year of age (48-50 months). The CBCL consists of 99 items that report on emotional and behavioral difficulties using a 3-point Likert scale. The CBCL was validated in Singapore with high reliability (Rescorla et al. 2014 ). Since our focus was on emotional and behavioral problems and not categorical nature of a diagnosis in early childhood, 6 related syndrome scales were included, namely emotionally reactive, anxious/depressed, somatic complaints, withdrawn, attentional, and aggressive behavioral scales. Raw scores were converted to age-matched standardized T-scores using the Singapore-based norms (Ivanova et al. 2010) .
Subject Classification based on CBCL
Community detection is a graph-based classification approach. It has been widely used for characterizing neuropsychological heterogeneity in children (Fair et al. 2012 ) mainly because it is a fully data-driven approach with no assumption on data distributions and the number of classes. In this study, community detection considered each subject as a node of a graph and the relation between 2 subjects as an edge whose weight was quantified as Pearson's correlation coefficient of the 6 CBCL subscales between the 2 subjects, where the score of each domain was standardized. If 2 subjects have the same CBCL scores across all the 6 domains, the weight of the edge connecting them was assigned as 1. In this graph, many edges had low weights, reflecting low probability for classifying the subjects connected via these edges into the same group, and were not useful for the subject classification. Hence, the graph was trimmed at r = 0.82 so that the trimmed graph remains sparse but fully connected, that is, all subjects were reachable to each other with at least 1 edge. Community detection algorithm (Blondel et al. 2008 ) then identified subjects with strong connections into one group and separated subjects with weak connections into different groups via maximizing Louvain's modularity of the graph, Q. Q reflects the overall segregation among the identified groups with a higher value indicating stronger separation of groups and stronger connections of the subjects within each group.
However, the community detection algorithm may give different classification results that are dependent on its optimization initialization even though the same graph is given as its input. Our study overcame this issue through the consensus of 10 000 runs of the community detection based on a consensus partition procedure (Lancichinetti and Fortunato 2012) . In details, for each run, a new initialization was given for optimizing the community detection algorithm. A consensus matrix was then constructed with its element representing the probability at which a pair of subjects were assigned to the same group based on the 10 000 runs of community detection. The consensus matrix was trimmed to remove weak consensus at which a pair of subjects were unlikely classified to the same group. Finally, the community detection was applied on this thresholded consensus matrix to assign subjects to different groups. The consensus partition procedure was converged when the classification result was no longer changed.
To examine how statistically the CBCL subscales can well separate subjects into different groups, the graph generated by the CBCL subscales was compared with random graphs with the same graph properties, including the number of nodes and edges, as well as weights of edges (Rubinov and Sporns 2011) . This evaluation was crucial to ensure that the subject classification is unique and reliable. For this, 10 000 random graphs were generated with the same graph properties as that from the actual CBCL data, and then the community detection was applied to each random graph to obtain the modularity Q-value. The null Q-distribution was constructed based on these 10 000 random graphs. The robustness of the classification result was quantified as the percentage of Q-values from the random graphs greater than that of the graph obtained from the actual CBCL data. The Q-value for the actual CBCL data was determined as the average Q-value derived from the aforementioned 10 000 runs of the community detection for the construction of the consensus matrix. If this percentage was less than 0.05, then the subject classification based on the CBCL data was considered as statistically robust.
MRI Acquisition and Preprocessing
A subset of children (n = 355) with CBCL data underwent MRI scans at age of 4.5 years (±1 month) using a 3 T Siemens Skyra scanner with a 32-channel head coil at KK Women's and Children's hospital. The imaging protocols were (1) highresolution isotropic T 1 -weighted Magnetization Prepared Rapid Gradient Recalled Echo (MPRAGE; 192 slices, 1 mm thickness, in-plane resolution 1 mm, sagittal acquisition, field-of-view 192 × 192 mm, matrix = 192 × 192, repetition time = 2000 ms, echo time = 2.08 ms, inversion time = 877 ms, flip angle = 9°); (2) isotropic axial rs-fMRI protocol (single-shot echo-planar imaging; 48 slices with 3 mm slice thickness, no interslice gaps, matrix = 64 × 64, field-of-view = 192 × 192 mm, repetition time = 2660 ms, echo time = 27 ms, flip angle = 90°, scan time of the first run = 5.27 min). The children were asked to close their eyes during the rs-fMRI scan. All MRI scans were reviewed by MVF (co-author). Subjects with any brain abnormality were excluded from this study.
The image quality was verified immediately after the acquisition through visual inspection while the children were still in the scanner. If the motion artifact was large, a repeat scan was conducted. The subject was dropped from the study if no acceptable image was acquired after 3 repetitions. After the data acquisition, the image quality was further visually checked. After this screening step, 206 children with good imaging quality and their rs-fMRI scan longer than 5 min were included for following MRI preprocessing.
Structural MRI
Anatomical segmentation into 3 tissue types, gray matter (GM), white matter (WM), and cerebrospinal fluid (CSF) was performed using FreeSurfer, where the segmentation training data in FreeSurfer were T 1 -weighted images with manual segmentation from young children to improve segmentation accuracy. Manual check and editing were further performed after automatic segmentation. Nonlinear image normalization was achieved by co-aligning individual T 1 -weighted MRI images to the atlas via large deformation diffeomorphic metric mapping (LDDMM) (Du et al. 2011 ).
Rs-fMRI
The rs-fMRI scan was preprocessed using FSL with slice time correction, motion correction, skull stripping, and intensity normalization. The rs-fMRI scans with maximal framewise displacement (FD > 0.5 mm) of individual fMRI volumes' head motion were removed from the study at this stage (Power et al. 2012) . Out of the 206 children, 91 with maximum of FD greater than 0.5 mm were excluded from the following functional network study.
Six motion parameters, whole brain, WM, and CSF signals were partialled out from rs-fMRI signals. Even though it is well known that the global signal regression may generate anticorrelated functional networks, it was considered as an appropriate preprocessing step particularly for studying pediatric, clinical, and elderly populations to eliminate artifactual variance due to micro-motion (Van Dijk et al. 2010; Yan et al. 2013 ). In particular, the global regression approach may not statistically influence group comparisons in the functional networks, which was the focus of this study. Hence, the global signal regression approach was employed in this study. Band-pass filtering (0.01-0.08 Hz) was then applied. Within subjects, the mean functional volume was aligned to the corresponding anatomical image via rigid body alignment. The functional data were then transformed to the atlas space via LDDMM obtained based on the T1-weighted MRI.
Group-ICA was applied to identify functional networks in young children. The preprocessing of the rs-fMRI data for group-ICA included slice time correction, motion correction, skull stripping, and intensity normalization using FSL, alignment to the atlas space via LDDMM obtained based on the T 1 -weighted MRI. Multivariate MELODIC group-ICA (Beckmann and Smith 2004) was then employed to identify functional networks in preschoolers. Component dimensionality was kept as a free-choice parameter to assure for robust, but noise-reduced functional networks. The FastICA algorithm in MELODIC estimated 20 independent components (ICs). The components were selected if they reflected functionally relevant, mostly bilateral or homologous unilateral components in the GM, resulting in 14 components. The discarded components (see Supplementary Fig. S3 ) were along cerebral GM and CSF borders, along the supratentorial space, or within the cerebral WM. For each IC, a Gaussian/Gamma mixture model was used to fit the distribution of voxel intensities in its spatial map and then this spatial map was converted to "z-statistic maps". The z-statistic maps were used to threshold the 14 ICs (z ≥ 3.7 or P ≤ 0.0001) that were hence used to construct 14 functional networks for young children (Fig. 1) .
For each subject, functional network connectivity was computed via Pearson's correlation of the fMRI time courses between 2 functional networks, where the fMRI time course of a functional network was the averaged signal across preserved voxels (z ≥ 3.7) within each IC spatial map (see Supplementary  Fig. S3 ). The Pearson's correlation was then transformed to zscores using Fisher's r-to-z transformation for subsequent statistical analysis.
Multivariate Statistical Analysis
Our hypothesis was that the functional organization among multiple networks might account for the variance of the preschooler's behavioral problems. Multivariate analysis was employed to test this hypothesis. In details, variance of each functional network connectivity due to gestational age, adjusted birth weight, gender, age at the MRI scan, and the mean FD was first removed using linear regression. Gestational age and adjusted birth weight were included to minimize possible effects of intrauterine growth on child behavior and brain development (Oken et al. 2003) , while the mean FD across all volumes was included to minimize possible effects of rs-fMRI head motion on the brain functional connectivity. Second, minimum redundancy maximum relevance and support vector machine (SVM)-based recursive feature elimination (SVM-RFE) algorithm were used to select the subset of the functional network connectivities that were best distinguish each group with elevated CBCL subscales and the healthy group. This procedure was detailed in the Supplementary. Finally, a multivariate canonical correlation analysis (CCA) was used to examine whether the feature selected statistically correlated with the distinct behavioral profiles with respect to the healthy group. Multiple comparisons across the 6 CCAs were corrected using Bonferrioni correction (P = 0.05/6 = 0.008).
Results
Demographics
This study included CBCL of 654 children. Among them, 115 children had good T 1 -weighted MRI and rs-MRI data. Table 1 lists the demographics of these 2 samples. There were no significant differences in gestational age (t 767 = 1.533, P = 0.125), adjusted birth weight (t 767 = −0.203, P = 0.840), and 6 CBCL subscales (P > 0.23) between the full sample and the MRI sample. However, there were differences in ethnicity (χ = 10.913 Figure 2A shows the similarity matrix of the CBCL subscales among all children. The community detection identified 7 groups with distinct behavioral profiles. The non-random nature of the grouping pattern in Figure 2A was revealed by the modularity Q-value (Q = 0.676), which was significantly (P < 0.001) higher than those of the 10 000 randomly generated similarity matrices (Fig. 2B ). This suggested that the subject classification based on the CBCL was statistically robust. Figure 2C shows 7 distinct CBCL subscale profiles among 4-year-old children. The first group (G1; n = 118) showed a behavioral profile with the lowest scores across all CBCL subscales. Among 654 children, only 7 had zero scores for all the 6 CBCL subdomains and were classified in G1. Compared with G1, children from the other 6 groups, respectively, exhibited relatively pronounced withdrawal (G2; n = 77), somatic complaints (G3; n = 93), a mixture of anxiety and withdrawal (G4; n = 84), a mixture of somatic complaints and withdrawal (G5; n = 55), a mixture of emotion, withdrawal, and aggression (G6; n = 110), and attention (G7; n = 117) problems.
Behavioral Profiles in Young Children
Supplementary Table S1 also showed no differences in gender, age, ethnicity, and rs-fMRI head motion among the 7 behavioral groups. In each behavioral group, there were no differences in the CBCL subscales of subjects with and without rsfMRI data (see Supplementary Fig. S1 ).
Brain Functional Networks and their Associations with Behavioral Profiles
Group-ICA obtained 14 useful ICs from rs-fMRI and identified each IC as a functional network, including 3 sensorimotor networks (SEM-1, SEM-2, and SEM-3), dorsal and ventral attentional networks (DAN and VAN), primary and secondary visual networks (V1 and V2), anterior and posterior DMNs (ADMN and PDMN), frontal network (FRONT), SN, language network (LANG), subcortical (SUBCOR) regions, and cerebellum (CRBL) regions (Fig. 1) . These functional networks were highly similar to those shown in older children (Allen et al. 2011; Jolles et al. 2011; Thomason et al. 2011; de Bie et al. 2012; Muetzel et al. 2016 ). For instance, both young and older children showed 2 DMN networks (anterior and posterior), 2 visual networks, and 1 cerebellar network. However, 4.5-year-old children showed the separate frontal and attentional (parietal) networks, while children aged from 6 to 10 years showed the integrated frontoparietal network (Muetzel et al. 2016) .
Among the rs-fMRI sample, the 7 CBCL groups (G1-G7) included 16, 19, 20, 15, 12, 14 , and 19 children, respectively. Table 2 lists the CCA-based statistical results and the contribution of each functional network connectivity to each specific behavioral profile. Compared with children in G1, children with a greater withdrawn score (G2) exhibited disrupted functional connectivities mainly among the low-level SEMs (i.e., SEM-1-SEM-3, SEM-3-V2, SEM-2-CRBL, and SEM-3-CRBL) and between the visual and SNs (Table 2, Fig. 3A ). Children with somatic complaints (G3) exhibited disrupted functional connectivities between V2 and SEM-3, and between subcortical and ventral attention networks (SUBCOR-VAN) (Table 2, Fig. 3B ). Children with a mixture of anxiety and withdrawn problems (G4) exhibited disrupted functional connectivities among SEMs (SEM-1-SEM-3) and between sensorimotor/sensory networks and frontal and attention networks (SEM-2-VAN, SEM-1-FRONT, SEM-1-VAN, and V2-FRONT) (Table 2, Fig. 3C ). Children with a mixture of somatic complaints and withdrawn problems (G5) exhibited disrupted functional connectivities among low-level sensory/ motor networks (SEM-1-SEM-3 and V1-V2), between language and posterior default mode networks (LANG-PDMN), and between the secondary visual and salience networks (V2-SN) (Table 2, Fig. 3D ). Children with a mixture of emotionally reactive, withdrawn, and aggressive problems (G6) exhibited disrupted functional connectivities of the attentional network with frontal and sensory networks (DAN-VAN, VAN-SEM-2, DAN-CBRL, and DAN-FRONT), and among low-level sensory/ motor networks (V1-V2 and V1-SEM-2) (Table 2, Fig. 3E ). Children with attention problems (G7) exhibited marginal significance in the functional connectivities between the primary visual and frontal networks (V1-FRONT) and the sensory and anterior DMN (SEM-2-ADMN) (Table 2, Fig. 3F ). 
Discussion
This study revealed a novel finding on behavioral heterogeneity even among a general population of young children. Our clustering analysis revealed one group of behaviorally super healthy children with no evidence for elevated CBCL scores (G1). The remaining children were clustered into groups with one or more elevated CBCL subscales though they may not be above the clinical cut-off (i.e., ≥65). Even though most of the children in this study were typically developing children, the other 6 groups in comparison with the behaviorally super healthy children showed common and distinct patterns of the difference in the functional networks, which were analog to those seen in clinical populations. Hence, our findings provided neural support for the behavioral heterogeneity among young children.
There have been great efforts on investigating the behavioral profiles in very young children using factor analysis on individual questions in the CBCL, suggesting that the subscales commonly used in the CBCL are consistent and reliable across different populations at early childhood (Achenbach et al. 1987; Achenbach and Rescorla 2000; Ivanova et al. 2010) . In addition, the CBCL subscales are predictive to behavioral and emotional problems in later childhood (Mesman and Koot 2001) and adulthood (Katz et al. 2011) . In conjunction with these findings, our study applied the clustering technique directly on the reliable CBCL subscales and provided the novel finding on potential patterns of behavioral heterogeneity even in a general population of young children.
Children in the 4 groups (G2, G4-6) showed an elevated withdrawn scale and the common altered functional networks among the SEMs. Social withdrawal is a tendency of refraining from social activities, unfamiliar persons, locations, or situations. Behavioral tendency of avoidance is associated with altered functional activation in the visual (calcarine gyrus) and sensorimotor cortices (supplementary motor area and postcentral gyrus), and cerebellum (Derntl et al. 2011) . Nevertheless, in comparison with G1, children in G2 with the sole withdrawn profile showed a unique pattern of functional alterations among the sensorimotor, cerebellar, and SNs. Altered social behavior, including social withdrawal (Koziol and Budding 2009 ) manifests cerebellar pathology. The SN (insula and anterior cingulate gyrus) and cerebellum show altered functional activation to avoiding angry faces (Derntl et al. 2011) .
While not all socially withdrawn children are anxious (Fox et al. 2005) , enhanced social withdrawal is commonly observed in children with anxiety (Rubin et al. 2009 ). Our study showed that the mixture of withdrawal and anxiety (G4) was associated with the functional networks highly correlated to anxiety. A number of regions responsible for taking in and processing sensory information, such as the visual, attention, and frontal networks, are implicated in anxiety disorder neurocircuitry (Lang et al. 1998) . Patients with social anxiety disorder (SAD) exhibit disrupted functional connectivity between the visual and frontal networks in response to fearful faces, suggesting interactions between the V2 and frontal networks in SAD neuropathology (Frick et al. 2013) .
Interestingly, the attentional networks were associated with the emotional-relevant behavior profiles (G4 and G6). Attentional bias to negative stimuli are shown in children and adults with anxiety depression (Shechner et al. 2012) and in children who are at a risk for these disorders (Mogg et al. 2012) . Children with a history of depression and/or anxiety exhibited reduced functional connectivity among the regions of VAN compared with children with no psychiatric history (Sylvester et al. 2013) . Moreover, disrupted functional connectivity within VAN was associated with an attentional bias to threat in older children with depression (Sylvester et al. 2013) . These findings provide a plausible neurobiological basis associated with emotional-relevant behavioral problems.
Our study showed the existence of the mixture among emotional, withdrawn, and aggressive problems in young children (G6). The mixture of emotional and aggressive problems is associated with an increased risk for conduct disorder (American Psychiatric Association 2013). Disruptions of functional connectivity were observed in the SEM (supplementary motor area and postcentral gyrus) and visual networks (calcarine and superior occipital gyri) in adolescents with conduct disorder (Lu et al. 2016) . Moreover, individuals with conduct disorder or related anti-social behaviors show abnormal functional activations in the frontal network regions, including anterior cingulate gyrus, orbitofrontal gyrus, and caudate, when processing emotion-and reward-related tasks (Coccaro et al. 2007; Rubia et al. 2009; Yang and Raine 2009; Finger et al. 2011) . These findings are consistent with those in our study, suggesting that the emotional problems affected the functional networks highly correlated to aggressive problems.
Our study further showed that the functional connectivities between the visual and SEM networks, between the VAN and subcortical networks (G3), and between the language network and posterior DMN (G5) were associated with somatic complaints in young children. Even though it is speculative, similar neurocircuitry mediates pain and fatigue (Stoeter et al. 2007 ). Pain-related hypoactivation of the DMN (ventromedial prefrontal/orbitofrontal cortex), along with hyperactivation of the subcortical region are also observed (Gündel et al. 2008 ). Further investigation is needed to understand the implication of this association at this preschool age.
The visual, parietal, and frontal cortices are normally a part of the attention pathway in older children and adults. In our study, the attention network mostly contained the parietal cortex in 4.5-year-old children. Although there was no difference in the attention network between the group with mild attention difficulty and the behaviorally super healthy group, our study showed a trend of significant difference in the V1 and frontal networks between the 2 groups, suggesting partial disintegrity in the attention pathway in children with mild attentional difficulty at young age.
Finally, we noticed that the sensorimotor networks were not unique to withdrawal but also contributed to the other behavioral profiles, such as somatic complaints and attention. This may not be surprising. The sensorimotor networks are the earliest developed intrinsic functional networks and are observed in infants and young children (Fransson et al. 2007; Gao et al. 2015) . Hence, they may be vulnerable to insults in early childhood.
This study employed advanced unsupervised classification approach to identify behavioral profiles in a large cohort of young children. Despite novelty and advantage, our study had limitations and was best considered as preliminary. Even though the sample size was large for this pediatric imaging study at this young age, there was a relatively small sample size for each behavioral group due to large heterogeneity of behavioral profiles among young children. As such, the results warrant replication and extension using a larger sample with imaging data. In addition, due to the compliance of young children during the rs-fMRI acquisition, head motion of rs-fMRI is considered as a major factor that influences rs-fMRI signal and may hence result in different conclusions. This study employed the global signal regression to remove micro-motion that cannot be characterized using the motion parameters (e.g., rotation and translation) (Van Dijk et al. 2010; Yan et al. 2013 ). This rsfMRI processing method provided more conservative statistical results when compared with the other methods, including rsfMRI processing without partialling out the global signal and global level of signal correlation (Saad et al. 2013) . Moreover, the ICs identified in this study are highly similar to those shown in (Muetzel et al. 2016) , where ICs relevant to head motion were estimated and removed from rs-fMRI signal. The rigorous approach as that in (Muetzel et al. 2016 ) should be considered for the treatment of head motion in pediatric neuroimaging studies.
In conclusion, this study provided novel evidence on the existence of distinct behavioral profiles in early childhood and their associations with common and distinct patterns of the functional brain networks, suggesting possible developmental antecedents of socio-emotional functioning later life. Since the peak age of onset for several common forms of mental health problems lie in the later years of childhood and adolescence, studies of neural function in early childhood are essential for our understanding of the basis for individual differences in mental health. The findings from the current study suggest that alterations in associations between the functional networks and clinically relevant endophenotypes for psychopathology are apparent from early childhood.
